Introduction
In multidisciplinary analysis and optimization response surface approximations are frequently applied. An important reason is that response surface techniques provide a convenient representation of data from one discipline to other disciplines 1 . In each discipline usually one or more computationally expensive computer simulation models are involved. The response surface approximations are used to alleviate the computational burden of the optimization and circumvent discontinuities or noisy responses that are encountered. They also enable to deal in a practical way with discrete design variables: the discete optimization problem can besolved on the approximate optimization level which a voids a combinatorial increase of the numberofnumerical analyses see e.g. 2 .
The computational burden becomes even larger if the system behaves stochastic instead of deterministic. One may think of analysis for reliability o r discrete-event simulation, where stochastic distributions are part of the modeling. In that case the stochasticity has to be accounted for during the optimization. Response surface techniques have their origin in physical experimentation and are therefore especially suitable to build deterministic approximate optimization subproblems from stochastic data. The optimum of the deterministic approximate subproblem then has to be evaluated in a statistical sense with respect to feasibility and change of objective function value. If no further information is available on the actual distributions, a statistical evaluation usually requires several replications of the numerical analysis of the proposed approximate optimum design. This paper addresses integer optimization problems with stochastic objective function and constraints. Starting point is a sequential approximate optimization approach, where response-surface techniques are employed to build multipoint linear approximations of objective function and constraints in search subregions of the design space. The research question is whether such an approach is able to solve a stochastic integer optimization problem in a practical valuable way within a manageable number of computer simulations. The focus of this paper lies on optimization problems with so-called chance constraints. This type of constraints typically arise for structures, such as aircraft, where conditions on, for example, reliability are included.
Optimization problem formulation
The following optimization problem is considered: Problem P The chance constraints imply that the optimum design should be positioned at some distance d j from the constraint boundaries c j . The smaller the larger this distance should be. Furthermore, this distance has to take into account any uncertainty with respect to the distributions of G j . In many practical applications with simulation models the actual distributions of G j are unknown and may dependent on the design variable values x. In some cases they even may follow some non-normal distribution, which complicates probability calculations.
3 Approximate optimization approach The deterministic problem has two discrete optima: the global one at 5,3, and a local one at 3,0.
The stochastic problem with = 2:5 gives a tightening of the constraint bound with two times the standard deviation. This is visualized in Figure 1 . For a tightening of two times the standard deviation the two optima remain at 5,3 and 3,0.
The following test has been carried out. For several values of N and M stochastic problem 6 has been solved twenty times starting from each discrete design point within the range of 0 6 x 1 ; x 2 6 10.
Parameters spec f and spec g are set to 2. The outcome of the optimization runs is summarized in Table 1 .
For increasing M and N the frequency with which 5,3 is found increases, while the numberof times a discrete neighbourhood point DN is found decreases. N and M have approximately an equal e ect. Also the deterministic problem has been solved for the constraints tightened with two times the standard deviation. Starting from each grid point gives in 100 of the cases point 5,3.
For N and M very large the performance for the stochastic problem approaches the outcome of the deterministic problem.
Cantilever beam problem
The second analytical test problem is a cantilever beam problem with discrete heights. The determinstic and continuous version originates from 6 . The optimization problem is mathematically formulated as: are given in Table 2 . Three groups of local deterministic optima can be identi ed, sharing the same objective function value. Table 3 shows the results of the experiment. The majority of optimization runs yields a group I point or a neighborof group I. Group IIand IIIpoints are hardly found, probably because it is unlikely to end up in these points starting from 10; 10; 10; 10; 10. Increasing N improves the quality of the linear approximation. Table 3 shows that increasing N decreases the number of other points found, as well as the numberof neigbor points. For su ciently large M M 10 this increase is mainly due to N, and is hardly a ected by M. The main in uence of N is con rmed by Table 4 where the numberof di erent solutions for each combination of N and M is compared. But this Table 4 also shows that further increasing M further decreases the number of di erent optimum solutions found.
Conclusion
The proposed approximate optimization approach shows promising results to deal with stochastic chance constrained optimization problems with integer design variables. Even for small numberof experiments N to build the linear approximations and a small number of replications M to evaluate candidate optimum designs, in the majority of cases a discrete optimum or one of its neighboors is found. The variation of di erent solutions found becomes smaller for increasing N and M. Table 4 : Number of di erent solutions found for the 200 runs starting from 10,10,10,10,10.
